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Abstract: Recent remote sensing studies have suggested exploiting vegetation optical properties
for assessing oil contamination, especially total petroleum hydrocarbons (TPH) in vegetated areas.
Methods based on the tracking of alterations in leaf biochemistry have been proposed for detecting
and quantifying TPH under controlled and field conditions. In this study, we expand their use to
airborne imagery, in order to monitor oil contamination at a larger scale. Airborne hyperspectral
images with very high spatial and spectral resolutions were acquired over an industrial site with
oil-contamination (mud pits) and control sites both colonized by Rubus fruticosus L. The method of oil
detection exploiting 14 vegetation indices succeeded in classifying the sites in the case of high TPH
contamination (overall accuracy ≥ 91.8%). Two methods, based on either the PROSAIL (PROSPECT +
SAIL) radiative transfer model or elastic net multiple regression, were also developed for quantifying
TPH. Both methods were tested on reflectance measurements in the field, at leaf and canopy scales,
and on the image, and achieved accurate predictions of TPH concentrations (RMSE ≤ 3.28 g/kg−1 and
RPD ≥ 1.90). The methods were validated on additional sites and open up promising perspectives
of operational application for oil and gas companies, with the emergence of new hyperspectral
satellite sensors.
Keywords: hyperspectral remote sensing; vegetation; soil contamination; total petroleum
hydrocarbons; radiative transfer model; pigment; elastic net regression
1. Introduction
Since the beginning of the 20th century, oil and gas supply has constantly increased to satisfy a
growing demand worldwide [1,2]. Along with the development of the oil industry, important efforts
have been made to mitigate the associated environmental risks [3–5]. Oil spills and leakages are of
major concern in the onshore domain. They are likely to occur at every step of the production process
(i.e., oil extraction, refining, and transportation) contaminating the soil and groundwater and remaining
as mud pits after their cessation [6–8]. The resulting soil contamination causes important ecological
alterations (e.g., landscape fragmentation and habitat loss) [9–12]. To avoid such consequences, fast
and accurate detection and quantification of oil contamination are, therefore, necessary.
Total petroleum hydrocarbons (TPH) are good indicators of oil contamination in soils [13,14].
They are the main constituent of oil and show high toxicity toward organisms. (In this study, the terms
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oil and TPH were used indifferently.) Among the methods proposed for detecting and quantifying
TPH contamination, hyperspectral remote sensing has become a promising one [15,16]. Recent
advances in this field allow monitoring industrial facilities (e.g., pipelines and storage tanks) at a large
scale using airborne or satellite imagery [17,18], however, this approach is based on the detection of
apparent oil at the surface, so its application in vegetated regions remains impossible. This causes a
critical issue in regions with dense vegetation and intensive oil production activities. In this context,
alternative approaches based on exploiting vegetation optical properties have emerged during the last
decade [8,19–22].
TPH induce strong alterations in leaf anatomy and biochemistry related to their optical properties
in the reflective domain (400–2500 nm) [23–27]. These alterations lead to modifications in the spectral
signature of vegetation and suggest being able to detect oil in vegetated areas using optical remote
sensing [28–30]. On the basis of this assumption, a few studies have attempted to map oil spills
and leakages using multi- and hyperspectral airborne or satellite imagery with four to 30 m spatial
resolution (mainly Landsat, Hyperion, and Hymap systems) [8,19,31,32]. Most of them have relied
on comparisons of vegetation indices between healthy and contaminated sites, but only a few have
proposed a method to detect oil contamination automatically, and even fewer have evaluated its
performance. In addition, none of these studies attempted to quantify TPH. In most cases, the method
of detection was applied to entire images [19,32]. This gave rise to the apparition of false alarms,
caused by differences in species’ sensitivity to oil, bare soil-mixed vegetation pixels, and the presence
of other vegetation stressors (e.g., water deficit). False alarms have been more pronounced using
multispectral satellite imagery. Thus, several conclusions emerged from these studies. First, very high
spatial (1–2 m) and spectral (<10 nm) resolutions are needed to achieve accurate detection of oil. Then,
prior application to entire images, i.e., it is necessary to calibrate the methods over restricted areas with
known species and contamination. Then, the methods should be validated on spatially independent
sites with the same species and, as a last step, applied to entire images, provided that the target species’
location is known.
Species established around industrial oil facilities are naturally tolerant to soil contamination
and difficult to distinguish from healthy vegetation [33,34]. It is, therefore, challenging to develop
methods for detecting and quantifying TPH adapted to these species and intended to be applied to
airborne and satellite hyperspectral images. Detecting and quantifying TPH is even more difficult in
the presence of other environmental factors (e.g., water deficit). As suggested in previous work, this
could be achieved by experiments carried out under controlled conditions [28,35]. Several studies have
aimed to characterize the effects of oil on vegetation reflectance under controlled conditions [29,36–38].
Vegetation indices and spectrum transformations (first and second derivatives, continuum removal)
have been frequently used for this purpose [20,30,38–40]. The wavelengths linked to pigment and water
contents were particularly suitable for distinguishing healthy and oil-exposed vegetation with no or
minor confusion [21,34]. More recently, Lassalle et al. [28] succeeded in discriminating among various
types of oil contamination at leaf and canopy scales using vegetation indices. The same approach
performed well for detecting mud pits contaminated by TPH in the field, by exploiting the reflectance
of an oil-tolerant species (Rubus fruticosus L.). Radiative transfer models also sparked great interest for
tracking alterations in leaf pigment contents caused by oil. For example, Arellano et al. [41] inverted
the PROSPECT model [42] to detect changes in leaf chlorophyll content (LCC) resulting from an oil
spill under tropical region. The same model was recently used for quantifying TPH in mud pit soils
from leaf reflectance measurements performed in the field [43]. As suggested, its coupling with the
SAIL canopy model [44] (forming the PROSAIL model [45]) might be of great interest for quantifying
oil contamination in vegetated areas, from hyperspectral images. This challenge remains, however,
very difficult, as it implies being able to track subtle changes in LCC from airborne or satellite sensors.
In the continuity of the abovementioned studies [28,43], this work aims to detect and quantify oil
contamination (i.e., soil TPH content) in vegetated areas using airborne hyperspectral images with very
high spatial and spectral resolutions. To achieve this, a method of detection previously developed under
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controlled conditions, hereafter summarized, was first applied to the images. Then, two approaches,
either PROSAIL or multiple regression, are proposed to quantify TPH. Both were assessed in the field
and on airborne hyperspectral images, on selected vegetation patches with known species.
2. Materials and Methods
2.1. Study Area and Soil Sampling
The study was carried out in a temperate region, on an industrial area subject to important oil and
gas activities. During the past 50 years, oil production residues were accumulated in mud pits, which
resulted in contamination of soil by TPH. Some of these mud pits remain and have been colonized by
oil-tolerant vegetation, mainly Rubus fruticosus L. (bramble) (Figure 1c). The study focused on this
species, as it is generally well-established in temperate industrial areas. Bramble served for developing
the methods of oil detection and quantification under controlled and field conditions [28,34,43] and
was suitable for application to hyperspectral imagery.Remote Sens. 2019, 11, x FOR PEER REVIEW 4 of 19 
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Figure 1. (a,d) Subsets of the airborne hyperspectral image acquired over (a) the contaminated and (d)
the control sites. The calibration sites are illustrated by polygons. Circles correspond to the validation
sites (red: contaminated, white: control). (b,e) Zoom on (b) the brownfield (10 plots) and (e) the control
sites used for calibrating the methods, respectively. (c,f) R. fruticosus on (c) the brownfield and (f) on
the control site in March.
Five mud pits were identified for the study (Figure 1a), and the largest one (approximately
40 × 100 m, hereafter described as “brownfield”) was used for calibrating the methods. Within this
site, 10 homogeneous and spatially correlated plots of 16 to 20 m2, mainly covered by R. fruticosus
(>95%), were defin d in the field (Figure 1b). Their geographical coordinates were acquired, and soil
nalys s wer performed in two locations of ach plot. Analyses r vealed C10-C40 TPH concentrations
ranging from 17 to 39 g/kg−1 on the site. The s me sampling pro dure was carried out on the four
other mud pits, which were not patially correlated with the brownfield. A singl plot was defined on
each of them, since they occupied a much smaller area. One f these mud pits exhibited comparable
TPH concentrat ons ( 4 g/kg−1) (Table 1) and low concentrations were fo nd in the othe mud pits
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(≤3.15 g/kg−1). More information about the mud pits, including soil properties, can be found in our
previous studies [28,34,43]. In addition, one large (~ 20 × 20 m) and five smaller control sites colonized
by R. fruticosus were identified in the same region and used for the calibration and validation of the
detection method, respectively, Figure 1d–f. No TPH were detected in soil analyses for any of the
control sites. These sites, however, differed slightly in soil properties, especially in texture and the
surrounding ecosystem (poplar plantation, grassland, and riparian forest). They were thus suitable for
assessing the robustness of the method of detection.
Table 1. Description of the sites used for testing and validating the methods. (<DL, below
detection limit).
Step Zone Type Number of Zones (n) Total Pixel Count C10-C40 TPH (g/kg−1)
training + test control 1 388 <DL
training + test mud pit(“brownfield”) 10 184 17–39
validation control 5 211 <DL
validation mud pit 4
33 0.25
20 0.38
48 3.15
22 24
2.2. Hyperspectral Data Acquisition and Preprocessing
2.2.1. Airborne Images
Hyperspectral images were acquired over the study area on July 5, 2017 at 1:15 p.m., at 2103
m above sea level in the absence of cloud, using airborne VNIR-1600 and SWIR-320m-e HySpex
cameras (Norsk Elektro Optikk AS, Lørenskog, Norway) (Figure 1a,d). These images had a spatial
resolution of 1 and 2.5 m and a spectral resolution of 5.2 and 7.8 nm in the visible-near infrared (VNIR,
400–1000 nm) and short-wave infrared (SWIR, 1000–2500 nm) domains, respectively. The SWIR image
was resampled to 1 m spatial resolution using a nearest neighborhood filter, in order to preserve the
spatial information, and registered according to the VNIR image using the Gefolki algorithm [46]. The
resulting spectral radiance image was then converted to spectral reflectance using the empirical line
method (ELM) [47,48], because of the lack of knowledge about the composition of the local industrial
atmosphere. This provided a 1 m resampled reflectance image with 409 spectral bands covering the
reflective domain (400–2500 nm). Because of the low signal-to-noise ratio (SNR), we did not conserve
the bands with atmospheric transmission below 80%, as described in [49]. A Savitzky–Golay smoothing
filter [50] was applied to improve the SNR at the remaining bands, and the final 1 m georeferenced
reflectance image was used for calibrating and validating the methods of detection and quantification
described hereafter.
2.2.2. Field Reflectance
On the day of image acquisitions, a field campaign was carried out on the 10 plots of the large
mud pit (“brownfield”) (Figure 1b). On each plot, 18 and 9 spectral signatures of brambles were
acquired at leaf and canopy scales, respectively, using an ASD FieldSpec 4 Hi-Res spectroradiometer
(Malvern Panalytical, Malvern, UK). Data were acquired in radiance between 11:30 a.m. and 2:00 p.m.
and converted to reflectance, as described in [28]. Leaf measurements were performed with a leaf clip.
Canopy reflectance was acquired using a 25 mm wide fore optics placed 45 cm above the target at
nadir, providing a 20 cm wide acquisition footprint. All spectral signatures were then resampled to
the spectral resolution of the airborne image and the same band removal and smoothing procedures
(atmospheric transmittance <80% and Savitzky–Golay smoothing filter) were applied. These data were
used for calibrating the method of TPH quantification.
Remote Sens. 2019, 11, 2241 5 of 19
2.3. First Step of the Approach: Detection of Oil Contamination
A comprehensive flowchart of this study is presented in Figure A2 in the Appendix A. The
approach proposed in this study is divided into the following two successive steps: (1) the detection of
oil contamination and (2) the quantification of TPH. The first one relies on the application of a method
previously developed in the same context of study, under controlled conditions. The method exploits
14 vegetation indices, computed from the spectral signatures, and the L2 regularized logistic regression
(RLR) [51] classifier to determine whether vegetation is, or has been, exposed to oil (see [28] for a
detailed description of the method). These indices have been linked to the effects specifically induced
by oil on leaf pigment and water contents of bramble. They are listed in Table A1 in the Appendix A.
The method succeeded in detecting oil contamination under controlled conditions, at leaf and canopy
scales [28]. It has been validated under natural conditions on the brownfield, and therefore, in this
study, we focused on its application to the airborne hyperspectral image.
The method was first tested on the 10 plots of the brownfield and on the large control site
(Figure 1b,e). The corresponding spectral signatures were extracted from the image and the 14 vegetation
indices were computed. Data were split into 50% training and 50% test sets using the Kennard–Stone
algorithm [52], with an equal proportion of pixels from the brownfield and the control site in each.
The RLR classifier was fitted on the training set and applied to the test set. Predictions made on the
test set were evaluated using the overall accuracy (OA), Cohen’s kappa coefficient, and confusion
matrices [49,53,54]. The method was then validated on the other contaminated and control sites (n = 4
and 5 sites, respectively, Table 1).
2.4. Second Step of the Approach: Quantification of Soil TPH Content
2.4.1. First Method Based on PROSPECT and PROSAIL
The first method proposed for quantifying soil TPH content relies on the retrieval of LCC
by inverting the PROSPECT and PROSAIL radiative transfer models [42,44,45]. The PROSPECT
model simulates the hemispherical reflectance and transmittance spectra of leaves in the reflective
domain, knowing their biophysical and biochemical parameters (listed in Table 2). The model can be
inverted to retrieve these parameters from reflectance measurements, using an iterative optimization
approach [55,56]. The latter consists in successively testing different sets of parameters (denoted by
the vector θ) and retaining the one that best simulates the measured spectral signature [57,58]. This is
achieved by minimizing the cost function J, defined as:
J(θ) =
λmax∑
λmin
(Rmeas(λ) − Rsim(λ, θ))2, (1)
where Rsim and Rmeas denote the simulated and measured reflectance in the [λmin:λmax] spectral range,
respectively. In previous work, the LCC of R. fruticosus estimated using PROSPECT inversion was
consistent with laboratory analyses and strongly linked to TPH concentrations [43]. This method
was developed in the field and performed well for predicting the contamination level (i.e., TPH
concentration) at leaf scale. In this study, we propose to assess its robustness on field measurements
performed at canopy scale and on the airborne images, using the PROSAIL model. PROSAIL results
from the coupling of PROSPECT and SAIL models [45]. It expands the scope of PROSPECT to dense
canopy reflectance data by taking the influence of canopy architecture, leaf area index (LAI) and bare
soil, and illumination and viewing geometry into account [59,60]. The inversion of the model follows
the same procedure as that of PROSPECT. In this study, PROSAIL was used for retrieving LCC.
The principle of this method is to quantify TPH from LCC, so we applied it to the contaminated
sites. PROSPECT was inverted on leaf reflectance measurements performed on the 10 plots of the
brownfield (n = 180). On the same plots, PROSAIL was inverted on both field canopy measurements
(n = 90) and on the pixels from the airborne image (n = 184). Inversions were computed using the
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differential evolution algorithm [43,61] and the model parameters listed in Table 2. The LCC values
retrieved from canopy measurements and from the image were compared to those of leaves using the
R2 and the root mean square error (RMSE) [43].
Table 2. Parameter bounds used to compute PROSPECT and PROSAIL (PROSPECT + SAIL) inversions.
Parameter Unit Range Reference
PROSPECT:
Leaf structure (N) 1–5
[43]
Chlorophyll a + b (Cab) µg/cm−2 1–100
Carotenoids (Ccx) µg/cm−2 1–50
Brown pigments (Cbp) µg/cm−2 0.01–1
Water (Cw) g/cm−2 0.001–0.1
Dry matter (Cm) g/cm−2 0.001–0.1
SAIL:
Leaf Area Index (LAI) m2/m−2 0.1–5
[59,60,62–64]
Hotspot (hot) m/m−1 0.01–0.1
Leaf Inclination Distribution
Function (LIDF) Planophile
1
Soil brightness 2 (bright) 0.5–1.5
Solar zenith angle (θs) deg. Fixed (30◦)
Viewing zenith angle (θv) deg. Fixed (0◦)
Relative azimuth angle (ϕsv) deg. Fixed (0◦)
1 As specified for Rubus fruticosus L. in [65]. 2 The recent version of PROSAIL includes a simple lambertian soil
reflectance model. A brightness parameter (bright) was added to account for soil moisture and roughness [59,64].
LCC was then used for quantifying TPH. Each data type (leaf, canopy, and image) was split into
50% training and 50% test sets. Negative exponential models were fitted between LCC and TPH
concentrations on the training set and then applied to the test set [43]. TPH predictions were compared
to the measured concentrations by computing the R2, the RMSE, and the residual predictive deviation
(RPD) [66,67]. Since the method was calibrated for TPH concentrations ranging from 17 to 39 g/kg−1, it
was validated on the mud pit with 24 g/kg−1 TPH only.
2.4.2. Second Method Based on Elastic Net Regression
The second method of quantification consists of linking the spectral signatures to TPH
concentrations directly using multiple regression. Several approaches have been proposed in previous
studies aiming to quantify heavy metals from vegetation reflectance in the field, especially partial
least square regression (PLSR) [66,68]. PLSR is not suitable for TPH quantification [43], therefore,
in this study, we proposed another regression approach, the elastic net (ENET [69]), which shows
multiple advantages but remains underexploited in remote sensing of vegetation [70,71]. ENET is
a penalized least squared approach that allows efficient variable selection under multicollinearity,
which is a major limitation of other multiple regression approaches when dealing with hyperspectral
data. Moreover, ENET performed well for tracking alterations in leaf biochemistry induced by oil in a
previous study [28].
In the present study, ENET was used for predicting TPH concentration from the spectral signature
of vegetation while selecting the most contributing spectral bands. For this purpose, several spectrum
transformations were tested which included first and second derivatives, standard normal variate
(SNV), Log(1/R), and area under curve normalization (AUCN) (see [34,66,72] for a detailed description
of the transformations). All these transformations are likely to enhance the information contained
in the spectral signature and to improve TPH predictions. They are illustrated in Figure A1 in the
Appendix A. The method was applied to the spectral signatures acquired in the field (at leaf and
canopy scales) and on the airborne image, following the same procedure as the PROSAIL method (i.e.,
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training and test steps on the brownfield and validation on the other mud pits). The accuracy of TPH
predictions were compared between the two methods, as well as their respective advantages.
3. Results
3.1. Calibration of the Methods
3.1.1. Detection of Oil Contamination
The RLR-based method exploiting vegetation indices performed well for discriminating between
healthy and oil-exposed vegetation from the airborne image. The classification trained on the 10 zones
of the brownfield and the large control site reached OA and Kappa of 98% and 0.95 on the test set,
respectively. Only little confusions were made between healthy and oil-exposed vegetation (Table 3).
Within the brownfield, the misclassified pixels came from the least contaminated plots (17–18 g/kg−1).
Almost all pixels from the large control site were correctly classified. These results were consistent
with those of previous studies carried out under controlled and field conditions on the same species, at
leaf and canopy scales [28,34].
Table 3. Confusion matrix obtained from the regularized logistic regression (RLR) classification on the
test set using the 14 vegetation indices. The brownfield class denotes the pixels from the 10 zones of the
brownfield, and the control denotes those from the large control site.
Brownfield Control User’s Accuracy (%)
Brownfield 88 4 95,7
Control 2 192 99.0
Producer’s accuracy (%) 97.8 98.0
The robustness of the method to upscaling (i.e., at leaf and canopy scales and imagery) is due to the
limited influence of plant architecture, bare soil, and illuminating and viewing geometry on the selected
vegetation indices at high spatial resolution. These factors usually affect the ability of vegetation indices
to detect changes in leaf biochemistry from canopy measurements or optical images [73–75]. This
phenomenon was likely to induce confusion between healthy and oil-exposed vegetation, however,
the 14 indices used in the method have been specifically selected for their robustness to upscaling
and their link with oil-induced effects on leaf biochemistry [76–78]. These indices mainly depend on
chlorophylls a and b, β-carotene, and lutein contents for bramble [28] (see Table A1 in the Appendix A).
They are weakly affected by the abovementioned factors (especially bare soil). Therefore, they allow
tracking alterations in leaf pigment contents specifically induced by oil with good accuracy, regardless
of the acquisition scale [28].
3.1.2. Quantification of Soil TPH Content
PROSAIL-Based Method
LCC estimated from the inversions of PROSPECT and PROSAIL models on the 10 plots of the
brownfield is presented in Figure 2. LCC estimations were strongly consistent among data types
(i.e., leaf, canopy, and airborne image), especially in the field (R2 = 0.95 and RMSE = 1.05 µg/cm−2,
Figure 2a) and ranged from 53 to 69 µg/cm−2, which is particularly high for vegetation exposed to
contamination. This highlights the tolerance of bramble to oil exposure and explains its establishment
on industrial sites under temperate regions [36,43,79,80]. PROSAIL is a one-layer model adapted to
dense vegetation. Its application to the airborne image succeeded in retrieving LCC, thanks to very
high spatial resolution. As expected, estimations were slightly less accurate and showed a higher
variability within the plots than for field measurements (R2 = 0.85, RMSE = 3.70 µg/cm−2, Figure 2b).
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LCC exhibited a close negative relationship with soil TPH content on the training set
(0.74 R2 < 0.87, Figure 3a–c). The more the soil was contaminated, the more LCC decreased.
This relationship has been previously otic u er cont l ed conditions for oil- ensitive species
and has been linked to the reduction of water and utrie t availability in s il and the alteration of
root uptake capacities [23,81,82]. Similar observations have been made under natural conditions on
bramble at leaf scale [43]. However, our method is the first to bring evidence of this relationship at leaf
and canopy scales and on airborne images. Its application to the test set resulted in accurate predictions
of TPH concentrations (Figure 3d–f). Results were very close at leaf and canopy scales (RMSE = 2.62
and 2.85 g/kg−1 and RPD = 2.26 and 2.15, respectively), thanks to consistent LCC described above
(Figure 2a). A higher variability in LCC was observed on the image and led to a lower accuracy
in TPH predict ons (RMSE = 3.2 g/kg−1 and RPD = 2), in comparison to field mea urements. The
highest level of contamination (39 g/kg−1) was more difficult to predict and contributed considerably
to inaccuracies. As previously observed at leaf scale, TPH are particularly difficult to quantify above a
certain concentration [43], probably because variations in LCC become too subtle to be caught from
imagery. In contrast, LCC rapidly shifts for moderate levels of contamination (20–30 g/kg−1) and makes
predictions more accurate.
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Elastic Net Based Method
The ENET regression based on the original and transformed spectral signatures also succeeded
in predicting TPH concentrations on the brownfield (Figure 4). However, the overall performance
of the method was lower than that based on PROSPECT and PROSAIL inversions, regardless of the
transformation. Although TPH predictions were good for the original-reflectance-spectra for all scales
(RMSE ≤ 4.04 g/kg−1), they were improved using first and second derivatives (RMSE ≤ 3.53 g/kg−1),
mainly due to better quantification of the highest level of contamination (39 g/kg−1) at canopy scale
and on the airborne image. Conversely, predictions were almost unchanged with the Log(1/R)
transformation and less accurate using SNV and AUCN ones. As for the PROSPECT and PROSAIL
based method, the accuracy of predictions was reduced while increasing acquisition scale (best
RPD = 2.16, 2.07 and 1.9 at leaf and canopy scales and on the image, respectively, Figure 4).
Remote Sens. 2019, 11, x FOR PEER REVIEW 9 of 19 
 
on the airborne image. (d–f) Comparison between measured and predicted TPH concentrations on 
the test set, at (d) leaf and (e) canopy scales and (f) on the airborne image. 
  Elastic Net Based Method 
The ENET regression based on the original and transformed spectral signatures also succeeded 
in predicting TPH concentrations on the brownfield (Figure 4). However, the overall performance of 
the method was lower than that based on PROSPECT and PROSAIL inversions, regardless of the 
transformation. Although TPH predictions were good for the original-reflectance-spectra for all 
scales (RMSE ≤ 4.04 g/kg-1), they were improved using first and second derivatives (RMSE ≤ 3.53 g/kg-
1), mainly due to better quantification of the highest level of contamination (39 g/kg-1) at canopy scale 
and on the airborne image. Conversely, predictions were almost unchanged with the Log(1/R) 
transformation and less accurate using SNV and AUCN ones. As for the PROSPECT and PROSAIL 
based method, the accuracy of predictions was reduced while increasing acquisition scale (best RPD 
= 2.16, 2.07 and 1.9 at leaf and canopy scales and on the image, respectively, Figure 4). 
 
Figure 4. Comparison between measured and predicted TPH concentrations on the test set on the 10 
plots of the brownfield using the elastic net regression on the original and transformed spectral 
signatures (in columns). First, second, and third rows show the results obtained at leaf and canopy 
scales and on the airborne image, respectively. 
Spectrum transformations have been extensively used for detecting vegetation stress in various 
contexts, including oil contamination [30,34,83,84]. The first derivative sparked particular interest, as 
it allows tracking shifts in the red edge position (REP) caused by chlorophyll alteration [20,29,85]. 
Therefore, the REP has been many times depicted as a reliable indicator of alterations in vegetation 
health following exposure to TPH [86], however, many other environmental stressors also affect the 
REP [22,83], which might lead to inaccuracies in TPH quantification. In our case, the ENET method 
highlighted the importance of the red edge, and to a greater extent the VIS region, for quantifying 
TPH, since most contributing bands were concentrated around 550 and 700 nm. This trend remained 
consistent among data types (leaf, canopy, and image) and between reflectance and derivative spectra 
(Figure 5), and therefore confirmed the involvement of chlorophylls in the response of vegetation to 
oil. The red edge was almost sufficient alone for predicting TPH using first derivative spectra, 
especially at leaf and canopy scales. Additional spectral bands from the SWIR region were often 
selected on the airborne image. These bands have been linked to leaf water, cellulose, and lignin 
contents in previous studies [87,88], but remained of less contribution to TPH predictions in our case. 
In contrast, SNV, Log(1/R), and AUCN transformation degraded TPH predictions, and did not 
provide a clear interpretation of the contributing spectral bands (Figure 5). These transformations are 
Figure 4. Comparison between measured and predicted TPH concentrations on the test set on the
10 plots of the brownfield using the elastic net regression on the original and transformed spectral
signatures (in columns). First, second, and third rows show the results obtained at leaf and canopy
scales and on the airborne image, respectively.
Spectrum transformations have been extensively used for detecting vegetation stress in various
contexts, including oil contamination [30,34,83,84]. The first derivative sparked particular interest,
as it allows tracking shifts in the red edge position (REP) caused by chlorophyll alteration [20,29,85].
Therefore, the REP has been many times depicted as a reliable indicator of alterations in vegetation
health following exposure to TPH [86], however, many other environmental stressors also affect the
REP [22,83], which might lead to inaccuracies in TPH quantification. In our case, the ENET method
highlighted the importance of the red edge, and to a greater extent the VIS region, for quantifying
TPH, since most contributing bands were concentrated around 550 and 700 nm. This trend remained
consistent a ong data types (leaf, canopy, and image) and between reflectance and derivative spectra
(Figure 5), and therefore confirmed the involvement of chlorophylls in the response of vegetation
to oil. The red edge was almost sufficient alone for predicting TPH using first derivative spectra,
especially at leaf and canopy scales. Additional spectral bands from the SWIR region were often
selected on the airborne image. These bands have been linked to leaf water, cellulose, and lignin
contents in previous studies [87,88], but remained of less contribution to TPH predictions in our case.
In contrast, SNV, Log(1/R), and AUCN transformation degraded TPH predictions, and did not provide
a clear interpretation of the contributing spectral bands (Figure 5). These transformations are usually
employed for reducing the high variability of spectral signatures while enhancing the infor ation they
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contain [34,66]. In our case, reflectance varied little along the gradient of TPH (≤10% at 550 nm and
in the red edge), because of the strong tolerance of bramble to oil exposure, in comparison to other
species [20,30]. SNV, Log(1/R), and AUCN transformations were unable to conserve this information
in the transformed spectra, which introduced inaccuracies in TPH predictions.
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bands contributing to TPH predictions are denoted by nonzero coefficients.
3.2. Validation of the Methods
3.2.1. Validation of Oil Detection
When applied to the validation sites, the method of oil detection based on the vegetation indices
succeeded in detecting healthy vegetation. The ecological differences among the sites (soil properties
and surrounding ecosystem) were challenging, because they could introduce variability in reflectance,
and thus in index values, however, this had only a little influence on the performance of the method,
since more than 91% of the pixels from the five control sites used for validation were correctly labelled
(OA = 91.8%, Table 4). Conversely, the level of oil contamination was critical for the detection of mud
pits. Accuracy averaged 50.5% on the four validation mud pits and resulted from strong differences
among sites. As expected, the most contaminated one (24 g/kg−1) was well classified (95.5%), as it was
in the range of the method calibration (17–39 g/kg−1). Conversely, accuracy rapidly fell for the other
mud pits, where low TPH concentrations were observed. More precisely, the two least contaminated
sites (0.25 and 0.38 g/kg−1 TPH) were poorly classified (accuracy of 6.1% and 15%, respectively, Table 4),
because vegetation indices from these sites exhibited values similar to that of the control ones. These
results emphasize the limits of the method. Below a certain concentration, oil no longer alters leaf
pigment and water contents, so soil contamination becomes very difficult to detect using vegetation
reflectance [21,28,30]. This detection limit strongly depends on the sensitivity of the species, and is
higher for oil-tolerant species [20,33,38,89]. Thus, the closer the level of contamination to this limit,
the less accurate the classification. In our case, this level was probably below the detection limit for
bramble in the two least contaminated sites. Conversely, the method performed well for detecting the
fourth validation mud pit contaminated by 3.15 g/kg−1 TPH. More than 85% of pixels from this site
were correctly labelled, despite its contamination level being outside the calibration range. Hence,
oil still induces important effects on leaf biochemistry of bramble at moderate contamination levels,
which can be detected using the proposed method.
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Table 4. Confusion matrix obtained from the RLR classification on the validation sites using the 14
vegetation indices.
C10-C40 TPH (g/kg−1) Mud Pit Control User’s Accuracy (%)
Control 1 <DL 13 146 91.8
Mud pit
0.25 2 31 6.1
0.38 3 17 15
3.15 41 7 85.4
24 21 1 95.5
1 The five control sites were grouped for more concision.
3.2.2. Validation of TPH Quantification
The two methods of quantification were applied to the mud pit contaminated by 24 g/kg−1 TPH
and confirmed their potential for application to airborne hyperspectral images. The TPH concentrations
were estimated to 23.69 (± 1.93) and 23.39 (± 2.41) g/kg−1 using PROSAIL inversions and ENET with
first derivative spectra, respectively. Predictions were slightly less accurate using other spectrum
transformations (SNV, Log(1/R), and AUCN), but remained very close to the measured level of
contamination (data not shown). Both methods, thus, provide reliable quantification of TPH in the
context of our study. It is, however, important to note that the concentration observed on this mud pit
corresponded to that for which best predictions were obtained on the brownfield (Figures 3 and 4). This
explains the high accuracy of predictions observed here. Unfortunately, none of the four validation mud
pits exhibited TPH concentrations above 35 g/kg−1 which was probably the most difficult to predict. It
was thus not possible to validate the methods for such concentrations, but an underestimation would
be probably observed, as on the brownfield. More generally, some inaccuracies in both methods of
quantification might result from local variations in soil TPH content. These local variations introduce
variability in bramble reflectance and might have affected TPH predictions, as suspected at leaf scale in
previous study [43].
4. Discussion and Perspectives
To date, there was no remote sensing method for both detecting and quantifying oil contamination
in vegetated areas based on hyperspectral imagery [19,31,32]. Our study is the first to achieve it
using very high spatial resolution images acquired in a temperate region. This opens up encouraging
perspectives for application of the methods over oil industrial facilities. In a perspective of operational
use, it is essential that remote sensing provides reliable detection and quantification of oil over large
vegetated areas. Until now, the proposed methods remained poorly effective outside the calibration
site [19,32,90], making them unusable operationally. Conversely, those developed in this study were
successfully validated, by detecting and quantifying oil on independent mud pits that did not serve
for method calibration. Our methods were, however, applied under several assumptions. Since we
focused on R. fruticosus in the temperate context, the methods were only adapted to this species. Thus,
they could be applied for identifying new contaminated mud pits and for quantifying TPH, provided
the sites are colonized by dense R. fruticosus covers with known location. This is of great interest for
monitoring contamination, because this species is widespread on industrial sites under temperate
regions [36,79,91]. In an operational perspective, the methods should be applicable at a large scale
(i.e., to entire images) in a wide range of contexts (in terms of species, contamination type and level,
and environmental conditions). No extensive computational time was noticed in this study, but this
should be considered when applying our methods to entire images. Thanks to a good revisit time
and large spatial coverage [22], satellite-embedded sensors show great interest for monitoring oil
contamination continuously over industrial facilities, however, our methods were tested on a single
date, so they should be first validated over a longer time scale [22,43]. In addition, to date, none of the
operating and planned hyperspectral satellite-embedded sensors covering the reflective domain offer a
spatial resolution higher than 8 m with more than 250 spectral bands. It is highly probable that, when
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applying our methods to satellite imagery, changes in spatial and spectral resolutions will affect their
performance. Thus, in order to support oil exploration and contamination monitoring, the methods
should improve in two ways. First, by extending their scope, and then, by adapting them to satellite
imagery. These two perspectives are discussed jointly in this section.
At this stage, the need to know the location of R. fruticosus is one of the most important limits
to the application of the methods at a large scale. The mapping of R. fruticosus could be achieved
quite easily for homogenous and dense covers, such as those studied here. Conversely, R. fruticosus is
more likely to be mixed with other species and bare soil in pixels using satellite imagery, affecting the
values of the 14 VI used in the detection method and consequently reducing its accuracy. Likewise,
PROSAIL inversions might experience difficulties in retrieving LCC accurately for sparse of plurispecific
vegetation, because of the influence of bare soil and differences in optical properties, leaf orientation,
and sensitivity to oil among species [45,62]. In response to this limit, spectral unmixing [92–95] seems
a promising solution. It could be used for mapping R. fruticosus, even mixed with bare soil or other
species, before applying our methods of oil detection and quantification. A successful mapping of R.
fruticosus has been achieved using unmixing methods on HyMap images (spatial resolution < 10 m) in
a previous study [95]. Future studies should focus on assessing unmixing methods on known sites
with this species, for example by degrading 1 m spatial resolution airborne images to 8 m and 30 m
resolution. In that sense, it might be interesting not to limit to a single species in our case. This would
be spatially too restrictive from an operational point of view, so an important effort remains to adapt
our methods to other species. Other temperate species might serve for detecting and quantifying oil,-
such as Q. pubescens and P. canadensis, as highlighted in our previous study [43]. Thus, they could be
used along with R. fruticosus for assessing mud pit contamination at a large scale, after being identified
by spectral unmixing.
Even if the methods can be applied to entire images, provided that the target species have been
identified, it is important to note that their performance depends on the level of contamination. With
respect to R. fruticosus, the method of detection was initially adapted to a high TPH concentration
(≥17 g/kg−1). Satisfying accuracy was obtained for low-contaminated mud pit (3.15 g/kg−1 TPH), but
accuracy fell below 1 g/kg−1 TPH. This helped determining a lower detection limit. Conversely, the
method of quantification based on LCC retrieval was accurate within the range of TPH studied. Its
exact range of effectiveness remains, however, unknown. Thus, further research should focus on
determining the exact limits of detection and quantification of the methods. These limits may vary
among species, depending on their sensitivity. All of them do not allow detecting and quantifying
mud pit contamination in the same range. Species with different sensitivities could be complementary
for quantifying TPH over a wide range of concentrations. Spatial resolution might be also crucial,
especially if TPH concentrations vary locally. In the case of 8 m or 30 m satellite imagery, pixels
may include vegetation exposed to varying levels of contamination, making it difficult to quantify
accurately. An important effort still remains to determine which species are suitable for applying the
methods and their respective range of effectiveness at different spatial resolutions.
Although the scope of the methods is restricted to assessing mud pit contamination (i.e., production
residues and oil sludge) at this stage, it should extend to other scenarios. Crude oil or petroleum
product leaks deriving from pipeline or storage tank failures are a priority. Along with wastewater, they
represent the main sources of contaminant release from oil industry [6,96]. Moreover, the detection of
crude oil is of great interest in microseepage prospecting. This represents a major way of improvements
toward operational applications. From the perspective of operational application, one possible limit to
applying our methods may arise at the spatial resolution of satellite images for punctual oil patches.
Microseepage and mud pits generally occupy large areas (>30 m), but pipeline and storage tank leaks
can occur on a few square meters [17,97]. Their detection might be very difficult without very high
spatial resolution, because pixels will rarely include only oil-exposed vegetation. Thus, it is important
to keep in mind that the needed spatial resolution also depends on the purpose of the detection and
quantification of oil.
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5. Conclusions
This study aimed to detect and quantify oil contamination (i.e., TPH) in soils in temperate
vegetated areas using airborne imagery with very high spatial and spectral resolutions. A two-step
approach was proposed. As a first step, a method of detection exploiting 14 vegetation indices
performed well for discriminating between healthy and oil-exposed bramble plants (OA = 98% and
kappa = 0.95). This method was tested on additional sites and succeeded in detecting oil contamination
levels similar to those of the calibration site (17–39 g/kg−1). Then, the performance of the method
decreased for lower levels of contaminations, especially below 1 g/kg−1. As a second step, two
methods of TPH quantification were proposed and assessed on the same contaminated sites. The
first one, which relied on LCC retrieval using PROSPECT and PROSAIL models, achieved accurate
predictions of TPH concentrations both in the field, at leaf and canopy scales, and on the airborne
image (RMSE ≤ 3.20 g/kg−1 and RPD ≥ 2), thanks to consistent LCC estimations. The second method
combined spectrum transformations with ENET regression. This method provided slightly less
accurate quantification of TPH (best RMSE ≤ 3.28 g/kg−1 and RPD ≥ 1.9) and required only few spectral
bands in the VIS and the red edge regions. Both methods were validated on another contaminated site
and their performances were compared.
In the continuity of previous work, this multiscale study highlighted the importance of controlled
and field conditions for developing reliable methods that can be applied to hyperspectral imagery.
Our methods focused on tracking oil-induced alterations in leaf biochemistry while preventing from
undesired effects (plant architecture, bare soil, and illuminating and viewing geometry), which made
them accurate regardless of the acquisition scale. High spatial resolution helped achieving this. As
discussed above, further studies are needed to adapt our methods to various ecological contexts subject
to oil contamination. In addition, promising perspectives of operational use will arise in the future
with the emergence of new hyperspectral satellite sensors.
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Appendix A
Table A1. Vegetation indices used in the method of detection. For each index, the related biochemical
parameters are specified. These parameters have been identified in a previous study carried out on R.
fruticosus, under controlled conditions [28]. (Chl, total chlorophylls; Lut, lutein; B-car, β-carotene; Ant,
antheraxanthin; Zea, zeaxanthin; Vio, violaxanthin; and LWC, leaf water content).
Index Formula Reference Related Farameter
Chlorophyll/Carotenoids Index CCI = D720/D700 [98] Chl, B-car
Carter Index 2 CTR2 = R695/R760 [99] Chl, Lut
Gitelson & Merzlyak Index 1 GM1 = R750/R550 [77] Chl, B-car
Gitelson & Merzlyak Index 2 GM2 = R750/R700 [77] Chl, B-car
modified Simple Ratio 705 nm mSR705 = (R750 −R445)/(R750 + R445) [26] Chl, B-car
MERIS Terrestrial Chlorophyll Index MTCI = (R754 −R709)/(R709 + R681) [76] Chl, B-car
Normalized Difference 705 nm ND705 or NDVI705 = (R750 −R705)/(R750 + R705) [26] Chl, B-car
Photochemical Reflectance Index 2 PRI2 = (R531 −R570)/(R531 + R570) [100] Chl, B-car
Photochemical Reflectance Index 3 PRI3 = (R570 −R539)/(R570 + R539) [100] Lut, B-car
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Table A1. Cont.
Index Formula Reference Related Farameter
Structure Intensive Pigment Index 2 SIPI2 = (R800 −R505)/(R800 + R690) [73] Lut, Ant
Simple Ratio 705 nm SR705 = R750/R705 [26] Chl, B-car
Vogelmann Index 2 VOG2 = (R734 −R747)/(R715 + R726) [78] Lut
Vogelmann Index 3 VOG3 = (R734 −R747)/(R715 + R720) [78] Lut
Disease Water Stress Index DWSI = (R800 −R550)/(R1660 + R680) [101] LWC
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Figure A2. Flowchart of the approach pr sed in thi study. Th method of oil detection was
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in this study. The two methods of total petroleum hydrocarbons (TPH) quantification were tested in
the field at leaf and canopy scales and on the airborne image. All the methods were first calibrated on
study sites and validated on additional sites (see Table 1 for details about the sites).
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